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High-Throughput Calculations
Calculate thousands of materials to
establish large properties database:
Scripted creation of
input files

Database of
known
compositions
and structures
CuAu
Fe2O3
PbTiO3
UO2
Fe
…

L10
corundum
perovskite
fluorite
bcc
…

Calculate in DFT

Errors?

Store DFT
outputs in
database

Existing HT Databases

Our Contribution
Open Quantum Mechanical Database
(OQMD) contains:
• Over 20k known compounds
• Over 20k prototypes
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Calculation Recipe
• Composition
• Structure
• We often know composition, but structure
is generally an experimental input
• Recall:

r r r
C(r1, r2 ,...rn ) → P
No structure,
no atomistic
calculation

Crystal Structure Prediction
• Predict r1, r2, … rn from first principles
Vol 458 | 12 March 2009 | doi:10.1038/ nature07786

LETTERS
Transparent dense sodium
Yanming Ma1,2, Mikhail Eremets3, Artem R. Oganov2,4{ , Yu Xie1, Ivan Trojan3, Sergey Medvedev3,
Andriy O. Lyakhov2{ , Mario Valle5 & Vitali Prakapenka6

Crystal Structure Solution (CSS)
• Less exotic, but far more important:
solution of crystal structures from
diffraction experiments
• Structure solution is painstaking, manual,
intuition-driven process
• Often fails!
– Half of entries in the Powder Diffraction File
are missing some atomic coordinates

Filling in the Gaps
• Over 150,000 incomplete crystal
structures[1]
• Most predictions made by current methods[2]
limited to small cells (~20 atoms)

How can we resolve unknown
crystal structures in a highthroughput fashion, including
large unit cells?
[1] Powder Diffraction File (PDF)
[2] Examples: Glass and Oganov, J Chem Phys 124 (2006);
Trimarchi and Zunger, PRB 74 (2007);
Pickard and Needs, J Phys: Condens Matt 23 (2011)

CITE

Genetic Algorithms
Generate initial
random population

Rank population by
fitness

Select better
solutions for
reproduction

Replace worst
solutions

Create new
solutions by
crossover

New Approach to CSS:
Symmetry-leveraged Genetic Algorithm

Meredig and Wolverton, Nature Materials (in press, 2012)

Why Leverage Symmetry?
GA without
symmetry

Symmetryleveraging GA

complexity
reduction

Meredig and Wolverton, Nature Materials (in press, 2012)

Mining ICSD for Space Group
Information
Example:
Distributing 12 atoms
in P63 space group
What are the possible
Wyckoff position
combinations?

Statistically analyzed Wyckoff site occupancy
for ~85,000 entries in ICSD

First-Principles Assisted Structure Solution
(FPASS)
Random initial
structures in expt.
space group

Initialization

One
Generation

Calculate within
DFT
sort by
fitness (energy,
diffraction pattern)

Population for GA
mate and
mutate

sort by
fitness
Calculate within
DFT
Meredig and Wolverton, Nature
Materials (in press, 2012)

Energy Above
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Application to Hydrogen Storage
Compound, MgNH
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Jacobs and Juza. Z. anorg. allg. Chem. 370 (1969)
Dolci et al., Inorg. Chem. (2011).

Energy Above B
Best (eV/f.u.)

FPASS Performance
4.0
Random search
Random, P6/m
Conventional GA
FPASS, P6/m

3.0
2.0

• 36-atom unit cell is
largest prediction to
date without
assuming bonding
• FPASS finds lowestenergy solution in
7/10 runs

1.0
Dolci 36-atom cell

0.0
0

400 800 1200
Structure number

Conventional GA: Lonie, D.C. & Zurek, E.
XTALOPT Comput Phys Commun 182,
372-387 (2011).

Known Space Group
case-specific, “by hand”

general, automatic

Place NH3 and BH3
units on mirror plane
Test for B-N swaps

FPASS

Enumerate and
calculate all possible
NH3-BH3 geometries
Re-run Rietveld
refinement

Proposed Structure

Energy Above
e Best (eV/f.u.)

Fully Automatic CSS:
Application of FPASS to NH3BH3
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First-Principles Assisted
Structure Solution (FPASS)
• Broad utility: clarified four important crystal
structure debates:
– Hydrogen storage candidates MgNH and NH3BH3;
– Li2O2, relevant to Li-air batteries;
– High-pressure silane, SiH4.

• FPASS can solve structures with too many DOF
for purely-predictive computational methods
and/or remain ambiguous from experiments alone.
• A new paradigm: accompany every diffraction
experiment with an FPASS-like structural solution.
Meredig and Wolverton, Nature Materials (in press, 2012)
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Materials Descriptors
• Analyzing: Large collection of materials
properties
• Problem: How to organize materials or
explain behavior?
• One approach: Descriptors

Examples

How do we find these
descriptor properties
for the axes?

Descriptor Search:
Doped Zirconia Thermo
• Widely-used technological materials:
– Fuel cells, thermal barrier coatings,
catalysis…

• Doping governs properties, but what are
the forces that govern doping?

Others’ Results
Dopant size a good descriptor for solubility
in zirconia:

Bogicevic et al., PRB 64 (2001)

Khan et al., J. Mater. Chem. 8 (1998)

Does this descriptor work when we dissolve
the entire periodic table in zirconia?

Our DFT Approach

Oxygen

Zirconium

Oxygen
vacancy
Trivalent
dopant

70 di-, tri-, tetra-valent oxides
96 atom supercells
~20 defect configurations for each oxide
Large dataset of >1000 100-atom DFT calculations

No! Dopant size and dopant oxide d-band
center (another common descriptor) both fail
to satisfactorily describe trends

How can we use data mining and
statistics to find better descriptors?

Candidate Descriptors
• Descriptor should be some feature of
dopant oxides that predicts solubility in
zirconia
• Enumerate ~20 properties:
– Band gap
– Magnetic moment
– Bader charges & atomic volumes
– Empirical (Shannon) radii
...

We can use a clustering algorithm to
sort the dopants based on these
properties

Clustering
Task: Sort n data points into k sets such that
each point is closer to the centroid of its set than
that of any other set
Voronoi partition
cluster centroid

www.mnemstudio.org

Pelleg, D., Moore, A. Proc. 17th ICML (2000)

Dopant Clusters

But which properties are the best
descriptors for these clusters?

Maximal Information Coeff.

Reshef et al., Science 334 (2011)
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Quantify
Rankdescriptor
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performance
in order of MIC
within
score
clusters
1.0
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heavy elements
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Automatically Discovered
Descriptors
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• Open Quantum Mechanical Database (OQMD)
• First-Principles Assisted Structure Solution (FPASS)
• Automated Clustering/Regression Method to find
Descriptors

Acknowledgements
Bryce Meredig
-FPASS
-Data Mining for
Descriptors

Scott Kirklin
-High-throughput DFT
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Extracting Information from
HT Databases
• Typical HT approach: search for candidate
materials by applying simple filters
• However: enormous quantities of “hidden”
knowledge are embedded in the database
• Data mining can help extract it

Standard HighThroughput Calculation

Our Approach

Data Mining Example
• Recall basic calculation recipe:
– Composition
– Structure

• People focus on predicting/solving
structure, but what if we could predict
properties without it?
• Application: Discovery of new ternary
compounds AxByCz

Structure-Independent Model
Instead of mapping an atomic configuration
to properties, i.e.,

r r r
C(r1, r2 ,...r
C(r
,...rn ) → P
we instead train a formation energy model
on composition only:

M (x H , xHe , xLi ...xPu ) → ∆E f

Discovery Machinery
Database
Construction

Predictive
Modeling

Model
Evaluation

• Model 1: established
heuristic
• Model 2: data mining

• Thousands of DFT
formation energies
• Empirical elemental
data

• Test models on unseen
formation energies

(a)
Prediction

Ranking

• Run combinatorial
list of compositions
through models

Millions of
candidate
ternary
compositions

Validation

• Combine heuristic
and data mining
predictions

Models

Formation
energy
predictions

(b)

• Experiments
• Crystal structure
prediction

Ranked
highpotential
candidates

Compound
discovery

Model Validation: Numerical
Model formation enerrgy (eV/atom)!

-5.0

-4.0

-3.0

-2.0

-1.0

0.0
0.0

-1.0

DFT vs.
experiment:

-2.0

MAE ~ 0.25 eV/at.1-3

DM: binaries!
R2 = 0.87!
MAE = 0.27 eV/at!

1 Stevanovic

et al., PRB 85 (2012)
Lany, PRB 78 (2008)
3 Saal et al., unpublished
2

-3.0

Heuristic!
R2 = 0.95!
MAE = 0.12 eV/at!

-4.0

DM: bin. + tern.!
R2 = 0.93!
MAE = 0.16 eV/at!

DFT formation energy (eV/atom)!

-5.0

Formation Energy
Stability
Prediction for A3B
composition
Formation
energy
Pure B

Fraction A

Pure A
Currently
known FE

AB3

AB

Measure of
stability
Measure of
stability

Ranking Stability
K2Zn6O7

-0.23 eV/at

TbCu2S2

-0.44 eV/at

BaAgSb

-0.57 eV/at

Gd3MnB7

+0.10 eV/at

Na5Zr2F13

-0.61 eV/at

Ranking Stability
Na5Zr2F13

-0.61 eV/at

BaAgSb

-0.57 eV/at

TbCu2S2

-0.44 eV/at

K2Zn6O7

-0.23 eV/at

Gd3MnB7

+0.10 eV/at

More stable

Less stable

Ranking Stability
Na5Zr2F13
False positive rate: 0/2
True positive rate: 1/3
BaAgSb

-0.61 eV/at

Classify
“stable”

-0.57 eV/at

Classify
“unstable”

TbCu2S2

-0.44 eV/at

K2Zn6O7

-0.23 eV/at

Gd3MnB7

+0.10 eV/at

Ranking Stability
Na5Zr2F13

-0.61 eV/at

BaAgSb

-0.57 eV/at

TbCu2S2
False positive rate: 1/2
True positive rate: 2/3
K2Zn6O7

-0.44 eV/at

Classify
“stable”

-0.23 eV/at

Classify
“unstable”

Gd3MnB7

+0.10 eV/at

ROC Curves
Perfect
classifier

Better
classifier

Classify all as
“stable”
Example 2

Example 1

Classify all as
“unstable”

Model Validation: Ranking
Combined model
outperforms
either alone in
regime of interest

What happens when we rank “all
possible ternaries” by their
likelihood of stability?

Predictions for Discovery
Oxygen-A-B
-Rare earth
silicates, sulfates,
phosphates
-TM iodates
-Chlorates

Predictions for Discovery
Zirconium-A-B
-ZrSc4Br16
-Mixed fluorides,
chlorides
-CaZr2Pt

Predictions for Discovery
Average of all A-B-X
ternaries

Fingerprint of entire
unexplored ternary
composition space!

Summary
• Computation holds great promise for
advancing materials science
– Must focus on unique strengths of computers!

• We combined large DFT databases,
algorithms, descriptor-based screening,
and data mining for understanding &
discovery

Future Work
• Other applications of data mining
• Fitting classical potentials as surrogates
for DFT
• High-throughput crystal structure solution

Thanks, Everyone!

Photo credit: Yongli Wang

Solar Thermochemical
Gas Splitting
solar heating to ~2000K

MOx  MOx-1 + ½ O2 Thermal Reduction (TR)
cool to ~1000K and flow H2O or CO2
Gas Splitting (GS)

MOx-1 + H2O  MOx + H2

Mat’ls Selection Framework
What are implications of ∆G=∆H-T∆S=0 for
thermal reduction and gas splitting?

Materials Selection Framework:
∆Sreduction=S°(MOx-1)–S°(MOx)
∆Hreduction=∆Hf(MOx-1)–∆Hf(MOx)

Meredig & Wolverton, Phys. Rev. B 2009,

Enabling Materials Discovery
If we can calculate ∆Hreduction and ∆Sreduction,
we can screen for better materials:

Data Mining in Real Life: Netflix

The Computational
Materials Paradigm
A wise man once said:
“Computational tools have advanced to
the point now where materials may be
‘synthesized virtually,’ with their
properties predicted on a computer before
ever being synthesized in a laboratory.”

Research Goal
Apply unique strengths of computers to
the study of materials:
Efficiency
Faster and easier than laboratory investigation

Automation
Never repeat repetitive tasks

Scalability
Hard problems get more CPUs

Simulation
Make predictions for unexplored or hypothetical situations

Data Analysis
Human pattern recognition can be limited/fallible

Atomistic Computation
An atomistic method C performs the task

r r r
C(r1, r2 ,...r
C(r
,...rn ) → P
where P is some property of interest (most
commonly, a system’s total energy)

Crystal Structure Example
Atomic Coordinates
(r1, r2, … rn)

Property P:
Total Energy
Energy

Best structure

The Inevitable Tradeoff
Quantum
Monte
Carlo

/

www.tcm.phy.cam.ac.uk

Density functional theory
Classical pair
potentials

Density Functional Theory
• Earned 1998 Nobel Prize in Chemistry
• Maps (intractable) quantum many-body
problem onto system of effective one-body
problems
• All materials properties derived from
ground-state electron density
• Exact in principle, but in practice:
no analytical
form known

DFT Bottom Line
PROS

CONS

Reliable, efficient
tool for predicting
materials properties

Limited to ~100’s of
atoms per
calculation

Can treat bulk,
surface, and defect
thermodynamics
and kinetics

Issues with certain
classes of materials
(f electrons,
correlated oxides…)

Predicting Crystal Structure
• Maddox’s “scandal” in the physical sciences
• Challenge: High-dimensional optimization problem
metastable
structures

Potential
Energy

ground state
structure

Config.
Space
Maddox, Nature 355 (1988)

Incorporating Symmetry
• We have developed a symmetry-leveraging
genetic algorithm (SLGA) to treat this
problem
Experimental
space group,
lattice constants

complexity

reduction

SLGA
Structure
B. Meredig
and
C. Wolverton, Nature Materials (under review)
Meredig and Wolverton, Nature Materials
(in press,
2012)

Application to Hydrogen Storage
Material: MgNH
• Searched three possible space groups
• 36-atom unit cell is largest prediction
to date without assuming bonding

Jacobs and Juza. Z. anorg. allg. Chem. 370 (1969)
Meredig and Wolverton, Nature Materials (in press, 2012)

Information Entropy
Consider a property distribution (e.g., band gaps
of a set of materials):
Fewer
More
Two
variables have high mutual information
possible
localized
if their joint probability distribution
is much
values
distribution
lower in entropy than their individual
probability distributions
LOWER
ENTROPY

